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This	lecture	

•  Background	

•  Challenges	

•  Example:	Gene	co-expression	networks	in	DILGOM	
cohort	

•  Example:	Gene	expression	data	to	support	
genomics	of	metabolome	
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Background	

Inouye,	Trends	Gene)cs	2011	
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Mul(-omics	

Ritchie	MD	et	al,	Nat	Rev	Genet	2015	

Where	the	sidewalk	ends…	

Integra(ve	analysis	is	a	rela(vely	undeveloped	area	
	

Lots	of	scope	for	development	and	novel	ideas	
	

Nothing	close	to	consensus	on	analy(cal	approaches	
and	strategies	
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Challenges	
•  Large	P:	High	dimensionality	

–  10K,	100K,	10M	variables	per	sample	

•  Small	N	

•  Heterogeneous	data	
–  Different	molecules	
–  Different	technologies	
–  Different	sampling	strategies	

•  Correla(on	

•  Computa(onal	efficiency/feasibility	

Main	things	to	be	aware	of	
•  Understand	the	biological	models	underlying	the	data	

–  Context	and	interpreta@on	
	

•  Know	the	technology	
–  Batches,	biases,	error	profiles,	sensi@vi@es/specifici@es,	missing	data	

•  Know	the	sampling	strategy(s)	
–  Group-wise	(case/control),	popula@on-based,	enrichments,	s@muli?	

•  Spend	(me	exploring	the	data	
–  Without	excep@on,	you	will	see	things	that	require	follow	up	

•  Build	analysis	pipelines	and	log	all	analyses	

•  The	data	may	be	complex	but	your	analysis	and	presenta(on	doesn’t	
have	to	be	
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Gene	expression	has	a	major	role	
integra(ve	analysis	

•  Insights	into	biomolecular	networks	

•  Less	technical	variability	than	proteomics	

•  Rela(vely	affordable	

•  Stable	(ssues	are	readily	available	

•  Many	network	methods	have	been	applied	to	gene	expression	
data	in	the	past	

•  Gene	expression	is	thus	a	convenient	way	to	characterise	the	
average	biological	state	of	the	cell	popula(on(s)	being	assessed	

518 randomly 
sampled individuals 

(DILGOM) 

Helsinki 
Fasting whole blood 

Genome 
Transcriptome 

Metabolome 
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Identifying gene co-expression 
networks 

Inouye	et	al;	PLoS	Gene)cs,	2010	

Networks and standard clinical 
lipid measures 
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Metabolites	
Inouye	et	al;	PLoS	Gene)cs,	2010	
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83 / 134 
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Metabolites	

Relationships between gene 
networks and metabolome 

Inouye* & Kettunen* et al; Molecular Systems Biology, 2010 

LL module appears to be involved 
in immune response 

•  FCER1A – high affinity IgE receptor 
•  MS4A2 – high affinity IgE receptor 
•  HDC – enzyme for histamine synthesis 
•  CPA3 – mast cell secreted peptidase 
•  GATA2 – TF crucial for mast cell dev 
•  SLC45A3 - ? 
•  SPRYD5 - ? 
•  MS4A3 - ? 
•  ENPP3 - ? 
•  C1ORF186 - ? 
•  HS.132563 - ? 

•  IL-1ra (P=3.1x10-6) 
•  C-reactive protein (P=2.6x10-4) 
•  HMW adiponectin (P=1.6x10-5) 
•  Total IgE (P>0.05) 

Genes	 Immune	markers	

Inouye	et	al;	PLoS	Gene)cs,	2010	
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Does genetic variation influence 
LL module? 

FCER1A   P = 1.83x10-4  

LL module  P = 4.28x10-6 
rs2251746	
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Inouye	et	al;	PLoS	Gene)cs,	2010	

LL module appears reactive, do 
metabolites affect its connectivity? 

Inouye* & Kettunen* et al; Molecular Systems Biology, 2010 
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Yes, it’s a potential negative feedback loop 

+ - + 

- - + 

Inouye* & Kettunen* et al; Molecular Systems Biology, 2010 
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Determining metabolite 
networks 

1 – apoB lipoproteins 
2 – BC and aromatic amino acids 
      large TG-rich VLDL 
3 – large HDL 
4 – small HDL 
5 – polyunsaturated lipids 
6 – ketone bodies 
7 – glucose-alanine cycle 
8 – renal function 
9 – FA chain length/composition 
10 – LDL diameter and FA composition 
11 – urea & acetate 

34 significant loci total  
7 novel 

Metabolite	
networks	 Top	SNP	 Chr	 Pos	 Top	Pvalue	 Top	

metabolite	 Gene	

1,2	 rs1303	 14	 93914596	 5x10^-48	 IDL-C	 SERPINA1	

1,2,3,4	 rs16939881	 15	 56259271	 3x10^-27	 XL-HDL-TG	 AQP9	
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SNPs for metabolic networks also drive 
AQP9 and SERPINA1 expression 

DILGOM 
N = 518 
P < 10^-10 
R2 = 0.07 
 
SNP associated with 
metabolic networks 1, 2 

HLC 
N = 178 
P = 4x10^-3 
R2 = 0.04 
 
SNP associated with 
metabolic networks 1 

HLC 
N = 178 
P = 5x10^-3  
R2 = 0.04 
 
SNP associated with 
metabolic networks 1,2,3,4 

SERPINA1 

PNAS	2013	
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AQP9 and SEPRINA1 expression is 
associated with metabolites 

Metabolite Chr Posi(on Pvalue Beta	(95%	CI) Expressed	
Gene 

XL-HDL-TG 15 56265176 8.48E-09 -0.61	(-0.82	-	
-0.41) AQP9 

MobCH3 15 56265176 7.16E-05 -0.43	(-0.63	-	
-0.22) AQP9 

	 	 	 	 	 	 

MobCH3 14 93914570 6.46E-05 -0.51	(-0.75	-	
-0.26) SERPINA1 

L-VLDL-CE 14 93914570 2.47E-04 -0.49	(-0.76	-	
-0.23) SERPINA1 

XXL-VLDL-PL 14 93914570 2.48E-04 -0.51	(-0.78	-	
-0.24) SERPINA1 

L-VLDL-C 14 93914570 2.63E-04 -0.48	(-0.73	-	
-0.22) SERPINA1 

XL-HDL-TG 14 93924923 3.16E-04 -0.37	(-0.58	-	
-0.17) SERPINA1 

Free-C 14 93924923 3.98E-04 -0.37	(-0.57	-	
-0.16) SERPINA1 

Serum-C 14 93924923 4.00E-04 -0.37	(-0.57	-	
-0.17) SERPINA1 

CH2/DB 14 93924789 4.21E-04 1.14	(0.51	-	
1.77) SERPINA1 

Liver AQP9 associated with 
atherosclerosis in mouse model 

BxH-ApoE	(N	=	297):	
-  derived	from	backcross	of	highly	

suscep@ble	to	atherosclerosis	(C57BL/6J	
ApoE-/-)	and	highly	resistant	(C3H/HeJ	
ApoE-/-).		

-  Fed	on	high-fat,	western	diet	for	16	
weeks	then	euthanized	at	24	weeks.		

 P = 5x10^-3 

Samples in top decile of AQP9 
expression have on average 30% larger 
lesion area than those in bottom decile  
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AQP9	&	SERPINA1	in	human	aorta	

Accessible	resources	for	integra(ve	genomics		

•  SageBase	(via	Sage	BioNetworks)	
•  UK	BioBank	
•  ImmGen	
•  ImmVar	
•  ENCODE	
•  THL	Biobank	
•  TwinsUK	
•  iHMP	/	HMP2	
•  GTEx	
•  Epigenomics	Roadmap	Project	
•  Collabora@ve	Cross	(~outbred	mice)	
•  Coming	Soon:	Precision	Medicine	Ini@a@ve	


